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A B S T R A C T 
 

Injectable drug products play a vital role in modern medicine, providing efficient and precise delivery of therapeutics. The development and optimization of 
injectable formulations require extensive research and development, as well as a deep understanding of the underlying physicochemical properties of the drug 

and its interactions with excipients. In recent years, machine learning (ML) techniques have emerged as powerful tools for predicting and modeling various 

aspects of drug formulation, leading to enhanced efficiency and cost-effectiveness in the pharmaceutical industry. This review article provides an overview of 
the application of ML techniques in the formulation modeling of injectable drug products, highlighting their potential and challenges in improving drug 

development processes. 
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INTRODUCTION 

njectable drug products play a crucial role in modern 

healthcare. They are medications that are 

administered directly into the body through 

intravenous, intramuscular, or subcutaneous routes. These 

products are typically in liquid form and are contained in 

vials, ampules, prefilled syringes, or infusion bags. 

Below some key reasons why injectable drug products are 

important: 

1. Efficient and Rapid Delivery: Injectable drugs allow for 

precise dosing and rapid delivery of medications into the 

bloodstream, bypassing the digestive system. This is 

especially critical in emergency situations or when 

immediate therapeutic effects are required
1
. 

2. Higher Bioavailability: Injectables often have higher 

bioavailability compared to oral medications. They enter 

the bloodstream directly, avoiding the first-pass 

metabolism that occurs when drugs are taken orally. As a 

result, injectables can achieve more reliable and 

predictable drug levels in the body. 

3. Controlled Drug Delivery: Injectable drug products can 

be formulated to release medication slowly over a 

specified period, providing a controlled release profile. 

This enables extended therapeutic effects, reduces the 

frequency of administration, and improves patient 

compliance
2
. 

4. Administration in Critical Situations: In certain medical 

conditions or emergencies, patients may not be able to 

take medications orally due to reduced consciousness, 

vomiting, or gastrointestinal issues. Injectable drugs are 

vital in these cases as they can be administered by 

healthcare professionals directly into the patient's 

system
3
. 

5. Administration of Large Molecules: Some drugs, such as 

certain biologics, peptides, or proteins, cannot be 

effectively delivered orally as they may be degraded by 

digestive enzymes. Injectable formulations enable the 

administration of these complex molecules, allowing for 

their therapeutic benefits to be realized. 

6. Flexibility in Dosing: Injectable drugs offer flexibility in 

dosing, allowing healthcare providers to tailor the dosage 

to individual patient needs. This is particularly important 

in cases where precise titration or adjustment of 

medication is required, such as in critical care settings or 

oncology. 

7. Parenteral Nutrition: Injectable drug products are crucial 

in providing essential nutrition to patients who are unable 
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to consume food orally or have impaired gastrointestinal 

function. Intravenous administration of parenteral 

nutrition solutions ensures that patients receive the 

necessary nutrients for their overall well-being. 

8. Disease Management: Many chronic diseases require 

long-term treatment and management. Injectable 

medications provide a reliable and effective means of 

administering therapies for conditions such as diabetes, 

rheumatoid arthritis, multiple sclerosis, and cancer. 

9. Increased Drug Stability: Some drugs may be unstable or 

easily degraded when exposed to the acidic environment 

of the stomach or liver enzymes. Injectable formulations 

can protect these drugs from degradation, ensuring their 

stability and efficacy
4
. 

Need for efficient formulation development 

Efficient formulation development is essential in the 

pharmaceutical industry for several reasons. Below are some 

key points, highlighting the need for efficient formulation 

development: 

Optimal Drug Delivery: Formulation development aims to 

optimize drug delivery systems to ensure the efficient and 

effective delivery of medications to the target site in the 

body. This includes considerations of stability, 

bioavailability, solubility, release rate, and compatibility with 

the intended route of administration
5
. 

Patient Compliance: Developing formulations that are 

convenient, easy to administer, and well-tolerated by patients 

can significantly improve compliance. Formulations that are 

designed to minimize side effects, reduce dosing frequency, 

or provide patient-friendly administration routes (such as oral 

solid dosage forms or transdermal patches) enhance patient 

adherence to prescribed therapies. 

Enhanced Drug Stability: Proper formulation development 

can improve the stability of drugs, preventing degradation, 

and maintaining their potency over time. This is particularly 

important for drugs that are prone to degradation in certain 

environmental conditions, such as temperature or humidity. 

Stable formulations ensure that the drugs retain their efficacy 

throughout their shelf life. 

Improved Bioavailability: Bioavailability refers to the 

proportion of a drug that enters the systemic circulation and 

becomes available at the target site. Formulation 

development strategies can enhance drug solubility, 

dissolution rate, and permeability, thereby improving the 

bioavailability of poorly soluble or poorly absorbed drugs. 

This is crucial for achieving therapeutic efficacy and 

optimizing drug utilization. 

Tailored Release Profiles: Some drugs require specific 

release profiles to achieve desired therapeutic effects. 

Formulation development enables the design of controlled-

release or extended-release formulations that release drugs 

over a specific period, reducing the frequency of dosing and 

improving patient convenience. Tailored release profiles can 

also help optimize drug concentrations in the body, minimize 

side effects, and maintain therapeutic efficacy
6
. 

Compatibility and Safety: Formulation development 

involves considering the compatibility of drug substances 

with excipients and packaging materials. Compatibility 

studies help identify any potential interactions that may affect 

drug stability, efficacy, or safety. Efficient formulation 

development ensures that the selected excipients and 

packaging materials are suitable and do not compromise drug 

quality or patient safety
7
. 

Intellectual Property Protection: Developing efficient 

formulations can provide pharmaceutical companies with a 

competitive edge and intellectual property protection. Patents 

can be obtained for novel formulations or drug delivery 

systems, allowing companies to commercialize their products 

exclusively for a specific period and recoup their investments 

in research and development
8
. 

Efficient formulation development is a complex and iterative 

process that involves understanding the physicochemical 

properties of drugs, selecting appropriate excipients, 

conducting preformulation studies, and performing 

formulation optimization and stability testing. It requires 

collaboration between various disciplines, including 

pharmaceutical scientists, chemists, pharmacologists, and 

regulatory experts, to ensure the successful development of 

safe, effective, and commercially viable drug products. 

Role of machine learning in drug development 

Machine learning plays an increasingly important role in 

various aspects of drug development. Here are some key 

areas where machine learning is utilized: 

 

 

Figure 1: Role of machine learning in drug development 
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Machine learning algorithms are used to analyze vast 

amounts of biological and chemical data to identify potential 

drug targets, predict the activity of molecules, and design 

novel drug candidates. These algorithms can help optimize 

the drug discovery process by identifying patterns, predicting 

properties, and suggesting new molecular structures with 

desired properties
9
. 

Machine learning models can be trained on known drug-

target interactions to predict new potential drug-target 

interactions. This enables virtual screening of large 

compound libraries to identify promising drug candidates. 

Additionally, machine learning techniques can aid in drug 

repurposing, identifying existing drugs that may have 

potential therapeutic uses beyond their original indications
10

. 

Machine learning algorithms are utilized to predict the 

toxicity and safety profiles of drug candidates. By analyzing 

large datasets of chemical structures and toxicity information, 

models can identify patterns and correlations to predict 

potential adverse effects. This helps prioritize compounds 

with favorable safety profiles and reduces the need for 

extensive animal testing
11

. 

Machine learning can optimize the design and execution of 

clinical trials by analyzing various data sources, including 

patient demographics, genetic information, biomarkers, and 

clinical outcomes. Predictive models can identify patient 

populations most likely to respond to a treatment, optimize 

dosage regimens, and predict potential adverse events. This 

aids in the efficient allocation of resources and improves the 

success rate of clinical trials
12

. 

Machine learning techniques can analyze real-world data 

from electronic health records, patient registries, and post-

market surveillance databases to identify patterns and 

associations between drug use and outcomes. This helps in 

monitoring drug safety, detecting adverse events, and 

understanding the effectiveness of treatments in real-world 

settings
13

. 

Machine learning can assist in the optimization of drug 

formulations and delivery systems. Models can predict 

solubility, stability, and release profiles, aiding in 

formulation design. Additionally, machine learning 

algorithms can optimize drug delivery systems, such as 

nanoparticle-based drug carriers, to improve drug efficacy 

and target specific tissues or cells
14

. 

These are just a few examples of how machine learning is 

revolutionizing drug development. The integration of 

artificial intelligence and machine learning techniques has 

the potential to accelerate the discovery and development of 

new therapies, optimize treatment strategies, and improve 

patient outcomes. This article is focused on Machine 

Learning Techniques used in formulation development of 

injectable drug products
15

. 

Machine Learning Techniques in Formulation Modeling 

Machine learning techniques are commonly used in 

formulation modeling to predict and optimize the properties 

and performance of formulations. Here are some popular 

machine learning techniques used in formulation modeling: 

Regression Analysis: Regression analysis is commonly used 

to predict the properties of a formulation based on input 

variables such as composition, process conditions, and raw 

materials. Techniques like linear regression, polynomial 

regression, and support vector regression can be employed to 

develop predictive models. 

Decision Trees: Decision trees are versatile and easy-to-

understand models used for formulation modeling. They can 

handle both categorical and continuous input variables and 

provide insights into the relationship between the input 

variables and formulation properties. Decision tree-based 

algorithms like Random Forest and Gradient Boosting are 

often used for improved accuracy. 

Artificial Neural Networks (ANNs): ANNs are powerful 

models that can capture complex relationships in formulation 

modeling. They consist of interconnected nodes (neurons) 

organized in layers, and each node performs a mathematical 

operation. ANNs can learn from data and make predictions 

based on learned patterns. Techniques like feed-forward 

neural networks, convolutional neural networks (CNNs), and 

recurrent neural networks (RNNs) can be used in formulation 

modeling tasks. 

Support Vector Machines (SVMs): SVMs are effective 

models for both classification and regression problems. They 

map input variables to a higher-dimensional space and find 

the optimal hyperplane that separates data points or predicts a 

continuous output variable. SVMs are particularly useful 

when dealing with small datasets or when non-linear 

relationships exist in the formulation data. 

Genetic Algorithms (GAs): GAs are optimization techniques 

inspired by natural evolution. They can be used to search for 

an optimal formulation composition or process conditions by 

iteratively evolving a population of potential solutions. GAs 

employ selection, crossover, and mutation operations to 

generate new solutions and improve the fitness of the 

population over generations. 

Bayesian Networks: Bayesian networks are probabilistic 

graphical models that represent the probabilistic relationships 

between variables. They can be used to model the 

dependencies between formulation variables and predict 

properties or identify optimal conditions. Bayesian networks 

are particularly useful when dealing with uncertainty and 

limited data. 

Principal Component Analysis (PCA): PCA is a 

dimensionality reduction technique that can be used to 

analyze and visualize the relationships between variables in a 

formulation dataset. It helps in identifying the most important 

variables and reducing the complexity of the modeling task. 

These are just a few examples of machine learning 

techniques used in formulation modeling. The choice of 

technique depends on the specific problem, available data, 

and desired outcomes. Additionally, it's important to note 

that domain expertise and feature engineering play a crucial 

role in successful formulation modeling, as they help in 

selecting relevant variables and transforming raw data into 

meaningful features for the machine learning algorithms. 
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Overview of machine learning algorithms and 

approaches
16-25

 

Machine learning algorithms and approaches are a broad and 

diverse set of techniques used to enable computers to learn 

from data and make predictions or decisions without being 

explicitly programmed. Here's an overview of some popular 

machine learning algorithms and approaches summarize in 

table below along with uses, advantages and disadvantages.

 

Table1: Machine learning algorithms summary 

Category Algorithms Uses Advantages Disadvantages 

Supervised 

Learning 

Linear Regression 
Predicting continuous output 

values 

Simple and interpretable, 

computationally efficient 

Assumes a linear relationship, 

sensitive to outliers 

Logistic Regression Binary classification problems 
Probabilistic interpretation, 

handles categorical features 

Assumes a linear decision 
boundary, may suffer from 

overfitting 

Support Vector Machines 
(SVM) 

Data classification, regression, 
outlier detection 

Effective in high-dimensional 
spaces, works well with outliers 

Computationally expensive for 
large datasets 

Decision Trees Classification, regression 
Easy to understand and interpret, 

handles missing values 

Prone to overfitting, can create 

complex trees 

Random Forest 
Classification, regression, 

feature selection 

Robust to overfitting, handles 

high-dimensional data 

Difficult to interpret the 
combined decision of multiple 

trees 

Gradient Boosting Classification, regression 
High predictive accuracy, 

handles complex interactions 
Sensitive to noise and outliers 

Unsupervised 

Learning 

 

Clustering Grouping similar data points 
Discover hidden structures, no 

labeled data required 

Requires determining the optimal 

number of clusters 

K-Means Clustering 
Image segmentation, customer 

segmentation 

Simple and efficient, scales well 

to large datasets 

Sensitive to initialization and 

outliers 

Hierarchical Clustering 
Taxonomy creation, gene 

expression analysis 

Captures hierarchical 

relationships in the data 

Computationally expensive for 

large datasets 

Dimensionality Reduction Feature selection, visualization 
Reduces data dimensionality, 
removes irrelevant features 

May result in loss of information 

Principal Component 

Analysis (PCA) 
Data compression, visualization 

Captures maximum variance, 

reduces multicollinearity 

Assumes linear relationships, 

may not preserve local structure 

t-SNE (t-Distributed 
Stochastic Neighbor 

Embedding) 

Visualizing high-dimensional 

data 

Preserves local similarities, 

reveals clusters and outliers 

Computationally expensive for 

large datasets 

Association Rule Learning 
Market basket analysis, 

recommendation systems 

Discovers interesting 

relationships among items 

High-dimensional data may result 

in a large number of rules 

Reinforcement 

Learning 

Q-Learning Game playing, robot control 
Learns optimal actions, handles 

complex environments 

Sensitive to exploration-

exploitation trade-off 

Deep Q-Networks (DQN) 
Atari game playing, robotic 

control 

Handles high-dimensional state 

spaces, improves convergence 

Requires significant 

computational resources 

Policy Gradient Methods 
Robotics, recommendation 
systems 

Handles continuous action 

spaces, enables policy 

optimization 

High variance, may converge to 
suboptimal policies 

Deep Learning 

Convolutional Neural 
Networks (CNN) 

Image classification, object 
detection 

Captures spatial dependencies, 
achieves state-of-the-art results 

Computationally expensive for 
large models 

Recurrent Neural 

Networks (RNN) 

Speech recognition, language 

modeling 

Handles sequential data, captures 

temporal dependencies 

Prone to vanishing/exploding 

gradient problem 

Long Short-Term Memory 

(LSTM) 

Sentiment analysis, time-series 

prediction 

Captures long-term 
dependencies, mitigates 

vanishing gradients 

Computationally expensive for 

long sequences 

Generative Adversarial 

Networks (GAN) 

Image synthesis, data 

augmentation 

Generates realistic data, enables 
unsupervised representation 

learning 

Training instability, mode 

collapse 

 

Data preprocessing and feature selection 

Data preprocessing and feature selection are important steps 

in machine learning to prepare the data for model training 

and improve the performance and efficiency of the learning 

algorithms. Here's an overview of data preprocessing and 

feature selection techniques: 
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Data Preprocessing: 

Data Cleaning: Handling missing values, outliers, and noisy 

data through techniques like imputation, deletion, or outlier 

treatment
26

. 

Data Transformation: Scaling and normalizing the data to 

ensure all features have similar ranges or distributions. 

Common techniques include min-max scaling, 

standardization, or logarithmic transformation
27

. 

Encoding Categorical Variables: Converting categorical 

variables into numerical representations that machine 

learning algorithms can handle. Techniques include one-hot 

encoding, ordinal encoding, or target encoding
28

. 

Handling Imbalanced Data: Addressing class imbalance in 

the dataset by techniques such as oversampling, 

undersampling, or synthetic data generation (e.g., 

SMOTE)
29. 

Feature Engineering: Creating new features from existing 

ones to capture additional information or simplify the 

representation. This can include mathematical 

transformations, interaction terms, or domain-specific 

knowledge
30

. 

Feature Selection: 

Filter Methods: Assessing the relevance of features based on 

statistical measures like correlation, mutual information, or 

chi-square tests. Features are ranked or selected based on 

their scores
31. 

Wrapper Methods: Evaluating subsets of features by training 

and evaluating the model performance on different 

combinations. Techniques like forward selection, backward 

elimination, or recursive feature elimination (RFE) are 

used
32

. 

Embedded Methods: Incorporating feature selection within 

the learning algorithm itself. Techniques like L1 

regularization (Lasso), decision tree-based feature 

importance, or coefficient magnitudes in linear models
33

. 

Dimensionality Reduction: Transforming the data into a 

lower-dimensional space while preserving important 

information. Techniques like Principal Component Analysis 

(PCA) or t-SNE reduce the number of features by capturing 

their variations or similarities
34

. 

It's important to note that the choice of preprocessing and 

feature selection techniques depends on the specific 

characteristics of the dataset, the machine learning problem, 

and the algorithms being used. It is often an iterative process, 

and domain knowledge plays a crucial role in making 

informed decisions. Additionally, it's recommended to 

evaluate the impact of these techniques on the model 

performance using appropriate evaluation metrics and cross-

validation. 

Regression models for predicting drug properties 

Regression models are commonly used in pharmaceutical 

research and drug development to predict various drug 

properties and characteristics. Below is summary of popular 

regression models used for predicting drug properties
35-44

.

 

Table 2: Regression models for predicting drug properties 

Regression Model Description Advantages 

Multiple Linear 

Regression 

Models the linear relationship between multiple independent variables and a 

continuous dependent variable 

Simple interpretation, handles 

multiple features 

Support Vector 
Regression 

Extends support vector machines for regression tasks, effective in handling non-
linear relationships 

Handles high-dimensional 
featurespaces, robust to outliers 

Random Forest 

Regression 

Ensemble learning technique combining multiple decision trees for regression 

tasks 

Handles non-linear relationships, 

robust to outliers 

Gradient Boosting 
Regression 

Ensemble learning technique that builds an ensemble of weak regression models 
iteratively 

High accuracy, handles complex 
relationships 

Neural Network 

Regression 

Utilizes interconnected nodes (neurons) organized in layers to capture complex 

patterns in the data 

Handles complex relationships, 

suitable for deep learning 

Bayesian 
Regression 

Incorporates prior knowledge and uncertainty into the regression task using 
Bayesian inference 

Useful for limited data or when 
prior knowledge is available 

Gaussian Process 

Regression 

Non-parametric regression method modeling the regression problem as a 

distribution over functions 

Handles uncertainty, suitable for 

small datasets 

 

These are some examples of regression models commonly 

used for predicting drug properties. The selection of the 

appropriate model depends on the specific problem, the 

nature of the data, the complexity of the relationships, and 

the availability of data. It's often beneficial to compare and 

evaluate multiple models to determine the best-performing 

one for a particular drug property prediction task. 

Classification models for formulation optimization 

Classification models are commonly used in formulation 

optimization to predict the optimal formulation conditions or 

to classify formulations into different categories based on 

their properties. Here are some popular classification models 

used for formulation optimization
45-54 
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Table 3: Classification models are commonly used in formulation optimization 

Classification Model Description Advantages 

Logistic Regression 

Models the relationship between independent 

variables and a binary or categorical dependent 
variable 

Interpretable, handles binary and categorical 

outcomes 

Decision Trees 
Hierarchical tree-like structures that make 

decisions based on feature values 
Easy to understand, handles complex relationships 

Random Forest 
Ensemble learning technique combining multiple 
decision trees for classification tasks 

High accuracy, handles complex relationships, 
resistant to overfitting 

Support Vector Machines 
Constructs a hyperplane to separate data points 

into different classes 

Effective in high-dimensional spaces, handles non-

linear relationships 

Naive Bayes 
Probabilistic classification algorithm based on 
Bayes' theorem with the assumption of 

independence 

Simple and computationally efficient, works well 

with categorical features 

Neural Networks 
Interconnected nodes (neurons) organized in 
layers to capture complex patterns in the data 

Handles complex relationships, suitable for deep 
learning 

Gradient Boosting 

Ensemble learning technique building an 

ensemble of weak classification models 

iteratively 

High accuracy, handles complex relationships 

K-Nearest Neighbors (KNN) 
Classifies data points based on majority class 

among their k-nearest neighbors 

Simple and effective, handles non-linear decision 

boundaries 

 

These are some examples of classification models commonly 

used for formulation optimization. The choice of the 

appropriate model depends on the specific problem, the 

nature of the data, the complexity of the relationships, and 

the availability of data. It is often beneficial to compare and 

evaluate multiple models to determine the best-performing 

one for a particular formulation optimization task. 

Clustering techniques for identifying formulation trends 

Clustering techniques are commonly used in formulation 

analysis to identify trends and group similar formulations 

together based on their properties. These techniques help in 

discovering patterns and relationships among formulations. 

Here are some popular clustering techniques used for 

identifying formulation trends
55-64. 

Table 4: Clustering techniques 

Clustering Technique Description Advantages 

K-means Clustering 
Partition data into K clusters by iteratively updating centroids 

based on proximity 

Simple and efficient, scalable to large 

datasets, easy interpretation of results 

Hierarchical Clustering 
Build a hierarchical structure of clusters by merging or splitting 

clusters based on similarity/dissimilarity 

No need to specify the number of clusters in 
advance, provides a visual representation of 

clustering structure 

DBSCAN 
Group data points based on density and separate regions with 

low-density 

Does not require specifying the number of 

clusters, robust to outliers, can discover 
clusters of arbitrary shape 

Gaussian Mixture Models 
Model data as a mixture of Gaussian distributions and assign data 

points based on maximum likelihood 

Allows for soft assignment, can capture 

complex distributions, flexible in handling 
different cluster shapes 

Self-Organizing Maps (SOM) 
Map high-dimensional data onto a lower-dimensional grid while 
preserving topological relationships 

Effective in visualizing and interpreting 

complex data, preserves topology of data 

points 

Affinity Propagation 
Determine exemplars (representative points) for clusters by 
passing messages between data points 

Does not require specifying the number of 

clusters, can handle large datasets, 

automatically adapts to data characteristics 

Mean Shift Clustering 
Identify clusters as regions of high data density by iteratively 
moving a kernel 

Does not require specifying the number of 
clusters, can handle irregularly shaped 

clusters, robust to noise 

 

These are some examples of clustering techniques commonly 

used for identifying formulation trends. The choice of the 

appropriate technique depends on the specific problem, the 

nature of the data, and the desired outcomes. It is often useful 

to try multiple clustering techniques and evaluate the results 

to determine the most meaningful and interpretable 

formulation trends. 

Prediction of Physicochemical Properties
65-67 

Prediction of physicochemical properties is a crucial task in 

various fields, including drug discovery, material science, 
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environmental analysis, and chemical engineering. Several 

machine learning techniques can be employed for predicting 

physicochemical properties based on molecular or chemical 

descriptors. Below are some commonly used approaches:

 

Table 5: Prediction of Physicochemical Properties 

Machine Learning Technique Description Advantages 

Quantitative Structure-Property Relationship 
(QSPR) 

Establishes a relationship between 

physicochemical property and molecular 

descriptors 

Enables prediction of continuous properties, 

interpretable models, captures structure-property 

relationships 

Quantitative Structure-Activity Relationship 

(QSAR) 

Correlates molecular descriptors with biological 

activity or toxicity data 

Useful in drug discovery and risk assessment, 
predicts activity/toxicity based on structure and 

physicochemical properties 

Deep Learning 
Utilizes deep neural networks to learn complex 

patterns and relationships in molecular data 

Captures intricate features, handles large 
datasets, suitable for predicting bioactivity, 

toxicity, and other complex properties 

Random Forest 
Ensemble learning technique that combines 

multiple decision trees 

Handles non-linear relationships, accommodates 

a large number of descriptors, robust to noise 

and outliers 

Support Vector Machines (SVM) 
Powerful machine learning algorithm for 

classification and regression tasks 

Effective for predicting continuous values, 

robust to high-dimensional data, can handle non-
linear relationships 

Bayesian Models 
Incorporates prior knowledge and handles 
uncertainty estimation using Bayesian inference 

Provides a probabilistic framework, handles 

uncertainty, allows for prior knowledge 

integration 

Cheminformatics Tools 
Software packages or tools with pre-built models 
and functionalities for property prediction 

User-friendly interface, readily available models, 

ease of use, can cover a wide range of property 

prediction tasks 

 

These approaches are just a few examples of the techniques 

used for predicting physicochemical properties. The selection 

of the appropriate method depends on the specific property to 

be predicted, the available data, and the desired level of 

accuracy and interpretability. It is often beneficial to compare 

and evaluate multiple models to determine the best-

performing approach for a particular prediction task.
68-71

 

Table 6: Research work with use of ML techniques 

Topic Description ML Techniques Used 

Solubility Prediction 

Model 

 

Utilize various machine learning algorithms for solubility 
prediction 

Support Vector Machines, Random Forest, Neural Networks, 
Gradient Boosting, Gaussian Processes 

pH Stability Prediction 
Prediction of the stability of a formulation under different pH 

conditions 

Support Vector Machines (SVM), Random Forest, Artificial 

Neural Networks (ANN), Gaussian Process Regression, 

Quantitative Structure-Property Relationship (QSPR), 
Quantitative Structure-Activity Relationship (QSAR) 

Particle Size and 

Suspension Stability 

Modeling 

Modeling and prediction of particle size and stability of 
suspensions or colloidal systems 

Support Vector Regression (SVR), Random Forest, Artificial 

Neural Networks (ANN), Decision Trees, Gaussian Process 

Regression 

Excipient Selection and 
Compatibility Studies 

Selection of suitable excipients for a formulation and 

assessment of compatibility between excipients and active 

pharmaceutical ingredients 

Bayesian Models, Decision Trees, Support Vector Machines 

(SVM), Random Forest, Naive Bayes, Logistic Regression, 

Gaussian Process Regression 

Prediction of Excipient-

Drug Interactions 

Prediction of potential interactions between excipients and 

drugs based on their physicochemical properties 

Support Vector Machines (SVM), Random Forest, Decision 
Trees, Gaussian Process Regression, Bayesian Models, 

Logistic Regression 

Compatibility 
Assessment Using ML 

Techniques 

Assessment of compatibility between different components in 

a formulation using machine learning techniques 

Random Forest, Support Vector Machines (SVM), Decision 
Trees, Gaussian Process Regression, Bayesian Models, 

Logistic Regression 

Formulation 

Optimization and 

Stability Prediction 

Optimization of formulation components and prediction of 

formulation stability 

Genetic Algorithms, Artificial Neural Networks (ANN), 

Support Vector Machines (SVM), Bayesian Models, Random 

Forest, Decision Trees, Gaussian Process Regression 

Design of Experiments 

(DoE) Using ML 

Application of machine learning techniques to optimize 

experimental designs for formulation development 

Support Vector Machines (SVM), Random Forest, Decision 

Trees, Bayesian Models, Artificial Neural Networks (ANN), 
Gaussian Process Regression 
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Topic Description ML Techniques Used 

Predictive Modeling of 

Formulation Stability 

Development of predictive models to forecast formulation 

stability over time 

Random Forest, Artificial Neural Networks (ANN), Support 

Vector Machines (SVM), Gaussian Process Regression 

Real-Time Monitoring 
of Injectable 

Formulations 

Real-time monitoring of critical parameters in injectable 

formulations using ML techniques 

Artificial Neural Networks (ANN), Support Vector Machines 

(SVM), Random Forest, Gaussian Process Regression 

 

Challenges and Limitations 

Interpretability and Transparency of ML Models.  

ML models often lack interpretability and transparency, 

making it challenging to understand the reasoning behind the 

predictions.Techniques like SHAP (SHapley Additive 

exPlanations) values, feature importance analysis, and 

model-agnostic interpretability methods can be employed to 

enhance interpretability. 

Regulatory Considerations and Validation Requirements 

Regulatory agencies require validation of ML models for use 

in formulation and stability prediction tasks 

Rigorous validation protocols, including model performance 

assessment, robustness testing, and external validation, must 

be followed to meet regulatory standards. 

Future Perspectives 

Integration of ML with other Computational Tools. ML 

techniques can be integrated with other computational tools, 

such as molecular docking or molecular dynamics 

simulations, for comprehensive formulation 

analysis.Combined approaches can provide a more holistic 

understanding of formulation behavior and properties.Use of 

ML in Personalized Medicine and Patient-Specific 

Formulations. ML can enable the development of 

personalized medicine by predicting formulation behavior 

and optimizing drug delivery for individual patients. 

Conflicts of interest 

CONCLUSION 

This comprehensive review article provides an in-depth 

exploration of the application of machine learning techniques 

in the formulation modeling of injectable drug products. It 

covers various aspects, ranging from physicochemical 

property prediction to excipient selection, formulation 

optimization, and stability prediction. The article emphasizes 

the potential benefits and challenges associated with the 

implementation of ML in the pharmaceutical industry. 

Additionally, it discusses future perspectives and identifies 

areas for further research to enhance the integration of ML 

into the drug development process. 

Overall, this review article serves as a valuable resource for 

researchers, scientists, and professionals in the 

pharmaceutical field, providing insights into the latest 

advancements and potential applications of machine learning 

in injectable drug product formulation modeling. 
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